Biotic homogenization is a commonly observed response following conversion of 25 native ecosystems to agriculture, but our mechanistic understanding of this process is 26 limited for microbial communities. In the case of rapid environmental changes, inference 27 of homogenization mechanisms may be confounded by the fact that only a minority of 28 taxa is active at any given point. RNA-and DNA-based community inference may help 29 to distinguish the active fraction of a community from inactive taxa. Using these two 30 community inference methods, we asked how soil prokaryotic communities respond to 31 land use change following transition from rainforest to agriculture in the Congo Basin. 32
INTRODUCTION 59
One of the most rampant forms of environmental change today is land use change 60 following the conversion of tropical rainforests to agriculture (1-4). Both above-and 61 below-ground communities have been shown to experience species loss and community 62 change at unprecedented rates following land use change (5-7), and this is of concern 63 because tropical rainforests are some of the most diverse and productive ecosystems on 64 the planet. Predicting community responses to tropical land use change is a priority if we 65 are to better understand how human activities will impact species loss and global-scale 66 biogeochemical cycling (8, 9), but in order to gain such a level of predictability we must 67 better understand the mechanisms underlying community change. 68 8 change on Congo Basin ecosystems, which would be better-tested using replication at the 160 land type level (54). Limited access to sites and logistical challenges with sampling in 161 this area required that we extensively survey one site within each of three land types, 162 rather than performing higher levels of replication on fewer land types. This design is 163 appropriate for asking how these sites differ from one another, or how RNA-and DNA-164 inferred community composition or diversity patterns differ from one another (55-57). 165
Regarding inferences about general microbial responses to land use change in the Congo 166
Basin, this study would be considered a case study (54), whereby our results may be 167 suggestive of broader patterns, but such patterns should be corroborated using a design 168 with land type replication. cores were taken, homogenized, and then subsampled. From the homogenized mixture, 3 176 ml (approximately 1 g) of soil was added to 9 ml Lifeguard solution (Mobio, California, 177 USA) in the field, then transported cold and stored at -80° C in order to stabilize 178 nucleotides for later extraction. Our spatially explicit design allows for the estimation of 179 spatial turnover (beta diversity)(58). 180 181
Extraction, PCR, and Sequencing 182
Soil RNA and DNA were co-extracted from Lifeguard-preserved soil samples 183 using MoBio's Powersoil RNA Isolation kit with the DNA Elution Accessory Kit 184 (MoBio, California, USA) following manufacturer's instructions. Extractions were 185 quantified using Qubit (Life Technologies, USA). RNA was reverse transcribed to cDNA 186 using Superscript III first-strand reverse transcriptase and random hexamer primers (Life 187
Technologies, USA). 188
The V3 and V4 region of the 16S rRNA gene of the DNA and cDNA were PCR 189 amplified using the primers 319F and 806R (primarily targeting Bacteria, with limited 190 coverage of Archaea). Sequencing libraries were prepped using a two-step PCR with 191 dual-indexing approach (59, 60). In short, the first round of amplification consisted of 22 192 cycles with Phusion HiFi polymerase. Round 1 products were cleaned using Agencourt 193
AMPure XP (Beckman Coulter, California, USA) then amplified for an additional 6 194 cycles using Phusion HiFi to add the sequences required for cluster formation on the 195 
Bioinformatics and statistical analysis 213
Paired end reads were joined then demultiplexed in QIIME (67) before quality 214 filtering. Primers were removed using a custom script. UPARSE was used to quality filter 215 and truncate sequences (416bp, EE 0.5) (68). Sequences were retained only if they had an 216 identical duplicate in the database. Operational taxonomic units (OTUs) were clustered 217 de novo at 97% similarity using USEARCH (69). OTUs were checked for chimeras 218 using the gold database in USEARCH. We used a custom script to format the UCLUST 219 output for input into QIIME. To assign taxonomy, we used the repset from UPARSE in 220 QIIME using greengenes version 13_5 (RDP classifier algorithm). Finally, we averaged 221 100 rarefactions at a depth of 3790 counts per sample for each community inference 222 (RNA or DNA) and each land type (forest, burned, or plantation) to achieve 223 approximately equal sampling depth across comparisons, which excluded three samples 224 in the DNA-inferred communities (two in the forest and one in the plantation). 225
Statistical analyses were performed in the R platform (70). Canberra pairwise 226 community distances were calculated using the vegdist function in the package 'vegan' 227 (71). Canberra was chosen because of its incorporation of abundance data, sensitivity to 228 rare community members (72), and ability to detect ecological patterns even in instances 229 of relatively low sampling extent (73). Rates of community spatial turnover were 230 estimated by regressing pairwise community similarity (1-Canberra distance) against 231 pairwise geographic distance between samples (74). We used a similar regression 232 approach between community similarity and environmental similarity to estimate the 233 relationship between community turnover and environmental turnover. Pairwise soil 234 environmental similarity was calculated using 1-Gower dissimilarity (75, 76) using the 235 daisy function in the package 'cluster' in R (77). Gower dissimilarity was chosen because 236 it can incorporate and compare different classes or scales of data (78). Mantel tests were 237 used to test for significant associations between geographic, community, and 238 environmental distance, and partial Mantel tests were used to estimate the relative 239 contribution of environmental distance and geographic distance on variation in 240 community dissimilarity in the 'vegan' package in R. Differences in average pairwise 241 similarity across land types were assessed using a one-way ANOVA after verifying 242 normal distribution of data. Post-hoc comparisons of group means were made using 243
Tukey's HSD. Distance-decay slopes were compared using the function diffslope 244 (package 'simba') (79). This function employs a randomization approach across samples 245 from each dataset and compares the difference in slope to the original configuration of 246 samples. The p-values computed are the ratio between the number of cases where the 247 differences in slope exceed the difference in slope of the initial configuration and the 248 number of permutations (1000). We used the DESeq2 function (80) in R to identify 249 differentially abundant taxa in one land type versus another. Low abundance samples 250
were excluded prior to performing DESeq2 analysis. This function uses a generalized 251 linear model (family negative binomial) to estimate dispersion and log 2 -fold change in 252 relative abundance of individual taxa. Taxa were deemed differentially abundant if they 253 had a positive log 2 -fold change and P adj < 0.05. Figures were either created using base R 254 or the 'ggplot2' package (81). 255
We developed several community analysis approaches to investigate whether 256 biotic invasion or range expansion contribute to biotic homogenization. Taxa found in a 257 conversion land type (i.e. the burned or plantation site), but not the forest, were 258 considered "newcomers". We removed these taxa from the community matrix, equalized 259 sampling extent (using rarefaction), and then re-ran analyses of pairwise community 260 similarity levels and distance-decay (described above). The expectation was that if they 261 contribute to homogenization (increased community similarity), then their removal 262 should decrease pairwise community similarity levels. We took an analogous approach to 263 ask if range expansion of forest-associated taxa (referred to as "bloomer" taxa) 264 contributes to biotic homogenization. We identified taxa that were differentially abundant 265 in converted sites relative to the forest site (described above), then removed them from 266 the community matrix of the converted site and re-assessed community similarity levels 267 and distance-decay. The expectation, as above, was that if these taxa contribute to 268 homogenization, then their removal should render the communities less similar. We asked whether the loss of spatial structure of the soil chemical environment 350
could be contributing to the loss of spatial turnover in the microbial community. To do 351 so, we regressed pairwise community similarity (1-Canberra distance) against pairwise 352 environmental similarity (1-Gower distance) for both the RNA-and DNA-inferred 353 communities. In the forest site, both RNA-and DNA-inferred community similarity 354 levels were positively correlated with environmental similarity (Fig. 4A, B) , even after 355 accounting for differences due to geographic distance (Table 1) we look at the burned and plantation sites, however, this relationship persists for the 358 RNA-inferred community, but disappears for the DNA-inferred community (Table 1) , 359
suggesting that the spatial homogenization of the DNA-inferred community may be 360 driven by other mechanisms besides soil chemical homogenization. Thus as 361 environmental heterogeneity loses its spatial structure, the RNA-inferred community 362 similarity levels continue to vary with this heterogeneity and lose spatial structure, while 363 the DNA-inferred community becomes decoupled from levels of environmental variation. 364
365

Biotic invasions do not contribute to homogenization 366
We next tested the hypothesis that the introduction of "newcomer" taxa (i.e. those 367 that were not previously present) was driving community homogenization. 390 of the 368 1545 DNA-inferred community members in the burned site (25.2% of OTUs, 369 representing on average 1.8 +/-1.1% of the community) were not detected in the forest 370 site. 570 of the 1804 DNA-inferred community members in the plantation site (31.7% of 371
OTUs, representing on average 1.8 +/-0.8% of the community) were not detected in the 372 forest site. These taxa were not particularly geographically widespread (average 373 occurrence frequency Burn newcomers = 0.23 +/-0.010, frequency Plantation newcomers = 0.25 +/-374 0.010). Moreover, only 53.6% of the newcomer taxa in the burned site DNA-inferred 375 community were detected in the RNA fraction of that site, and 63.5% of the newcomer 376 taxa in the plantation site DNA-inferred community were detected in the RNA fraction of 377 that site, suggesting that not all newcomers may become established. We tested whether 378 the newcomer taxa were driving higher estimates of community similarity by removing 379 them from the community matrix, equalizing sampling extent across samples (using 380 rarefaction), then re-calculating community similarity (1-Canberra distance). Our 381 expectation was that the removal of newcomers from the community matrix would render 382 communities more dissimilar (i.e. less homogenized). This was not the case. Removal of 383 the newcomer taxa from the burned site community matrices actually increased 384 community similarity of the DNA-inferred community (0.322 +/-0.006 vs 0.301 +/-385 0.006). Removal of newcomers also did not render a significant spatial signal for the 386 DNA-inferred communities (Mantel no newcomers r = 0.407, p = 0.074). This was also the 387 case for the plantation where the removal of the newcomer taxa increased community 388 similarity for the DNA-inferred communities (0.322 +/-0.006 vs 0.288 +/-0.006), and 389 left no spatial signal (Mantel no newcomers r = 0.220, p = 0.159). Thus we have no evidence 390 to suggest that the homogenization of the DNA-inferred community is driven by the 391 arrival of newcomer taxa. 392
We found similar results when we performed these same analyses on the RNA-393 inferred communities. Newcomer taxa comprised a similarly small proportion of the 394 communities in the burned (2.2 +/-1.8%) and plantation sites (2.1 +/-0.79%). These taxa 395 were also not particularly widespread, with average occurrence frequencies in the burned 396 
Range expansion of forest-associated taxa drive loss of community variation 410
Because soil bacterial communities in the forest tended to show high taxonomic 411 overlap with the burned and plantation sites, we asked whether homogenization might 412 rather be driven by changes to the relative abundance of certain taxa. We used DESeq2 -413 a generalized linear model with a negative binomial distribution-to identify "bloomer" 414 taxa (i.e. those whose relative abundance significantly increased by land type). This 415 approach identified 127 taxa that were differentially enriched in the DNA-inferred 416 communities of the burned site relative to the forest (comprising on average 23.85 +/-417 9.5% of the DNA-inferred burned site community, and 6.43 +/-2.6% of the DNA-418 inferred forest site community), and 192 taxa that were enriched in the plantation relative 419 to the forest (comprising on average 26.89 +/-10.3% of the DNA-inferred plantation site 420 community, and 5.45 +/-2.2% of the DNA-inferred forest site community). We removed 421 these bloomer taxa from the community matrices, equalized sampling extent across 422 samples (as described above), and re-calculated pairwise similarity levels within land 423 types. The removal of these taxa from the burned site DNA-inferred community matrix 424 Conversion of tropical rainforest to agriculture is one of the leading drivers of 469 biodiversity loss and biotic homogenization worldwide (1-4). Gaining a better 470 understanding of the mechanisms driving biotic homogenization is a priority if we are to 471 predict or mitigate changes to communities or their ecosystem functions (8, 9). We used a 472 spatially explicit design across a chronosequence of land use change in the Congo Basin 473 to investigate mechanisms of community homogenization. We used two windows into the 474 structure of soil prokaryotic communities: 1) 16S rRNA (RNA) community inference -475 which should enrich for the active fraction of the community, and 2) 16S rRNA gene 476 (DNA) community inference -which includes both active and inactive members, as well 477 as "relic" DNA from dead cells (82, 83). Our results fit into a broader context of other 478 studies that emphasize the importance of using RNA alongside DNA to investigate the 479 impacts of environmental change on microbial communities (34, 35). 480
Ecosystems can develop spatially autocorrelated environmental conditions (i.e. a 481 distance-decay in environmental similarity) through a combination of localized physical 482 forces or community processes (84). Slash-and-burn conversion in our system appears to 483 disrupt this spatial structure, while introducing variation. This form of conversion is a 484 relatively uniform type of disturbance, in that all the aboveground vegetation gets 485 removed and burned across the landscape, which likely drives the loss of spatial structure 486 of the soil environment. The intensity of fire across a landscape, however, is often patchy, 487 depending on certain local factors such as, e.g., the amount of biomass, or levels of 488 moisture. Thus this form of disturbance could introduce environmental variation that 489 shows little coherent spatial structure. This insight is important when we consider the 490 relationship between community structure and the environment. homogenization is driven by environmental homogenization, community turnover should 496 continue to track environmental turnover, even when spatial structure is lost. We see this 497
in our data when we infer community structure using RNA, but not DNA, suggesting that 498 environmental spatial homogenization is likely a strong driver of the spatial 499 homogenization of the RNA-inferred community. The decoupling of responses in the 500 RNA-and DNA-inferred communities could represent differing levels of contribution 501 from homogenization mechanisms. Our results suggest that taxa that are enriched in the 502 burned or plantation sites relative to the forest are contributing to the loss of community 503 variation (i.e. average pairwise dissimilarity) in those sites. Those taxa also collectively 504 show wider spatial distributions (i.e. higher occurrence frequencies) in the disturbed sites 505 relative to the forest. These findings are consistent with the idea of a range expansion, 506 and the fact that we saw this trend in both the RNA-and DNA-inferred communities 507
suggests that identifying this type of homogenization mechanism may not require RNA-508 based community inference. A similar pattern has been observed in Amazonian sites that 509 have undergone conversion to cattle pasture, where prokaryotic taxa shared across forest 510 and agricultural sites tended to be more widespread in the agricultural sites (6), and 511 fungal communities in agricultural sites tended to be enriched in generalist taxa that were 512 more widespread (15). Thus by distinguishing communities using RNA and DNA, we see 513 that only part of the community seems to be responding to the environmental changes 514 associated with conversion, while communities inferred via both methods appear be 515
shaped by biotic factors such as the breakdown of dispersal barriers and/or the range 516 expansion of certain taxa. 517
The use of 16S rRNA as a proxy for activity has been the subject of recent 518 controversy. Of particular concern are two main issues: the assignment of false positives 519 (i.e. dormant taxa misidentified as active (28)), and the inaccurate assessment of activity 520 levels (e.g. driven by comparing ratios of the relative abundance of taxa in the RNA-vs 521 DNA-inferred communities (29-32)). The ribosomal content of a community, however, 522 should be at least enriched with the taxa that are active and/or growing, and there are a 523 number of studies that support the notion that rRNA-inference represents activity. For 524 example, if the active fraction of a community is more likely to be interacting with the 525 environment than the dormant fraction (which is likely avoiding the current 526 environmental conditions), then we would expect a stronger correspondence between 527 environmental conditions and community turnover in a community that is enriched in 528 active taxa (19) . Indeed this has been shown both along a marine environmental gradient 529 (33) and a grassland soil system experiencing re-wetting following drought (34). It has 530 also been shown that N-addition to forest soil elicits a stronger response in communities 531 inferred from 16S rRNA than rDNA (35). Our results contribute to this narrative by 532
showing that RNA-inferred community turnover persistently tracks environmental 533 turnover, while this association is lost when inferring only with DNA. We also see that 534
the RNA-inferred community shows a more pronounced loss of community variation and 535 spatial structure than the DNA-inferred community. Thus while rRNA inference may 536 have certain limitations, our results, alongside others, suggest that this method should be 537 enriching for active taxa, and this can have important implications for both qualitative 538 and quantitative conclusions, especially in systems with strong environmental gradients. 539
Tropical ecosystems are characterized by immense heterogeneity, and this could 540 make the task of detecting general responses to land use change difficult. Two important 541 steps towards gaining a better understanding of common microbial responses to tropical 542 land use change include 1) expanding the breadth (i.e. the geographic representation) of 543 regions sampled, and 2) increasing the resolution of our study systems (e.g. by including 544 more sites along the conversion continuum). Our study allows us to ask whether 545 commonalities exist between our findings and those reported from other tropical 546 ecosystems undergoing land use change. The changes we see to the spatial structuring of 547 communities (i.e. a diminished distance-decay relationship) are consistent with responses 548 reported from the Amazon Basin (6, 25). While our study was not replicated at the land 549 type level-restricting our level of inference regarding how representative our findings are 550 of other Congo Basin areas-our results at least suggest that a diminished rate of 551 community distance-decay may be common across tropical areas facing a similar threat. 552
The method of conversion may be driving this similarity in microbial community 553 response. The predominant method for converting tropical rainforests to agriculture is the 554 use of slash-and-burn techniques (87). By including a recently slash-and-burned site in 555 our design, we have gained a rare glimpse into the impacts directly following the initial 556 step in agricultural conversion. Already at this stage we see that the loss of community 557 spatial structure (i.e. distance-decay) has occurred. What this suggests is that, at least 558 initially, spatial homogenization can be driven by the act of conversion, rather than other 559 management practices such as planting or crop choice. Thus by targeting a region that has 560 otherwise not been sampled, and increasing the resolution by which we survey the 561 conversion process, we have gained new insights that may help to elucidate common 562 community responses to tropical land use change. 563
Considering the rate and magnitude by which tropical rainforests are being 564 converted to agriculture (4), gaining a mechanistic understanding of community 565 responses to environmental change is imperative (9). Future efforts could investigate 566 whether the functional potential (i.e. gene content) or trait distributions of a community 567 are similarly impacted by land use change (37, 88), or whether ecosystem functions (e.g. 568 those involved in nutrient cycling or greenhouse gas emissions) are impacted by 569 community homogenization. Our work highlights the importance of distinguishing 570 between metabolic states of microbial community members, if we are to better 571 understand community responses to environmental change. Lastly, our work 572 demonstrates that trends in our system are consistent with those reported from 573 geographically disparate areas (e.g. the Amazon Basin), suggesting that despite large 574 differences between these areas, land use change may drive predictable community 575 changes. 576 577 ACKNOWLEDGEMENTS 578
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